I model the cross section of equity securities inside a long run risks economy of Bansal and Yaron (2004) and study the model's implications on the mechanism and profits of price momentum strategies. In the data, cross sectional variation of portfolio level consumption betas explains almost 60% of momentum portfolio returns. Simulations of the model produce a substantial momentum effect while simultaneously generating a large equity premium and matching other relevant moments of the data such as turnover of component securities inside momentum portfolios. Consistent with empirical evidence, the model also implies that momentum strategies are more profitable during economic expansions and following up markets.
Introduction
Ever since the seminal study by Jegadeesh and Titman (1993) concluded that momentum profits (while statistically and economically significant and outright impressive in magnitude) did not result out of systematic exposures to commonly known risk factors, the finance literature has been split along two dimensions. On the one side, proponents of rational markets argue that momentum profits must be a result of as of yet undiscovered systematic risk factors. At the same time, the opposing camp has claimed various explanations that would fall under the umbrella of market imperfections and behavioral finance. Such models include, for example, delayed reactions by market participants to new information. See Conrad and Kaul (1998) and Jegadeesh and Titman (2002) , and Chordia and Shivakumar (2002) and Cooper, Gutierrez and Hameed (2004) for examples. Jegadeesh and Titman (2002) point out that, "given the growing list of return anomalies, it has become increasingly important to calibrate various models and perform simulations that allow us to gauge the magnitudes of different factors that can potentially be responsible for any apparent excess returns." This paper is exactly such an endeavor.
Motivated by the above argument, I choose as the starting point the long run risks model of Bansal and Yaron (2004) . One, the model has gained increasing popularity as a potential explanation of the equity premium puzzle and other asset market phenomena. Two, it links equity returns to macroeconomic fundamentals in a systematic way that is deeply linked to underlying economic theory of equilibrium and utility maximization. This addresses the problem of searching for the "right" factors over a wide range of economic variables until one which works is found. Three, the model was arguably not designed to explain momentum profits nor various other cross sectional phenomena, which further alleviates data snooping concerns. Finally, existing evidence in Bansal, Dittmar and Lundblad (2005) suggests that long run risk exposures have the ability to explain cross sectional differences in returns of portfolios formed on firm size and book to market as well as on past returns.
While momentum has also been studied in the context of industries (see Moskowitz and Grinblatt (1999) ) and earnings (e.g. Chan, Jegadeesh and Lakonishok (1996) ), I focus specifically on price momentum or the tendency for return continuation in equity markets. In other words, stocks that performed well in the past as defined by their realized returns (during the formation period) tend to, on average, perform well in subsequent months (called the holding period). Analogously, losers during the formation period tend to perform poorly during the holding period. This suggests an obvious strategy which involves buying past winners and shorting past losers. Such strategies are constructed by sorting all stocks according to their realized returns and assigning them into momentum portfolios and then going long the winner portfolio and short the loser portfolio. In this paper, I use five equally weighted quintile portfolios formed on inflation adjusted (real) realized returns of common stocks on the NYSE and AMEX exchanges for the period 1948 to 2006. These portfolios are commonly referred to as portfolios M1 (losers) through M5 (winners). During the holding period, a portfolio long winners and short losers is held (often referred to as M5 -M1). This strategy produces significantly positive average profits. For example, Table I shows a return of 3.94%−2.07% = 1.87% per quarter by going long M5 and short M1. This has been termed an anomaly since such momentum profits do not seem to correspond to many of the accepted measures of expected returns such as CAPM betas or exposures to Fama-French factors. However, I show that exposures to aggregate consumption risk do indeed explain at least a sizable part of momentum profits.
There are important regularities of momentum that have been previously documented. One, the strategy works best over medium horizons (6 to 12 month formation periods followed by 3 to 12 month holding periods) and reverses at longer horizons. In other words, past losers do better than past winners over longer holding period horizons such as five years. However, evidence presented by Conrad and Kaul (1998) seems to indicate that momentum is the more persistent puzzle than reversal whose statistical significance is mostly limited to the 1926 to 1947 time period and in general only to very long holding periods. Another persistent feature is that momentum profits are higher following times of economic expansions or up markets as documented by Chordia and Shivakumar (2002) and Cooper, Gutierrez and Hameed (2004) . While my model does not generate reversals, it is consistent with and provides a theoretical explanation for the time variation of momentum profits across economic and market cycles.
One of the main contributions of my model is highlighting the interaction between expected returns of individual securities and the momentum selection mechanism which translates stock returns during formation into portfolio returns over the holding period. Even though underlying securities have constant consumption risk exposures, momentum portfolios will exhibit time variation in their risk betas as securities move in and out of portfolios in a systematic way determined by innovations to aggregate expectations about future consumption growth. This is in contrast to the assumptions of Bansal, Dittmar and Lundblad (2005) who, in a related paper, model constant risk exposures at the portfolio level 1 .
In addition, since my model yields a factor structure for returns, it expands on what is commonly understood as the unconditional expected return explanation of momentum where the selection mechanism for the winner (loser) portfolio naturally picks out high (low) expected return stocks which then continue to have high (low) realized returns on average. In my model, the winner and loser portfolios contain both low and high expected return stocks at different points in time. This feature yields a testable empirical implication that momentum profits should be much higher following positive revisions by economic agents and market participants to expected future consumption growth. Indeed, I show that profits do vary over time as predicted.
Further, by working at the individual security rather than at the portfolio level, the model is a significant departure from existing literature. It is able to simultaneously match consumption dynamics, relevant moments of momentum portfolios as well as those of the aggregate equity markets. For example, it generates a reasonable equity premium with volatility matching observed data.
In a contemporaneous study, Yang (2006) uses a version of the long run risk model with time varying (and mean reverting) risk exposures on individual stocks to explain both momentum and reversal. The model differs from mine in the specification of risk betas for individual securities. A specific stochastic process for security level risk exposures has strong implications about firm life cycle that are difficult to test empirically. My assumption of infinitely lived securities with constant risk exposures is a very simple mechanism that nevertheless exposes an interesting selection process that generates time varying exposures at the momentum portfolio level, matches relevant moments, and is internally consistent with aggregate consumption and equity market data.
Despite evidence that exposures to consumption risk are significant and persistent, it would be naive to expect aggregate consumption risk to be the sole explanation.
Room remains for other risk factors as well as behavioral biases to be empirically documented. However, I would argue that the accumulated evidence favors including aggregate consumption risk in the "standard" portfolio of potential resolutions of the momentum puzzle.
The remainder of the paper is organized as follows. Section 2 introduces a cross sectional long run risks model and discusses its implications on asset returns while Section 3 highlights the interaction of the selection mechanism that assigns stocks to momentum portfolios with cross sectional differences in expected returns generated by the model. Section 4 provides a description of the different data sources used and details how momentum portfolio dividends are extracted. In Section 5, I discuss how the model's empirical predictions are borne out in the data. Having established strong empirical support for the model, I discuss model calibration and the design of the simulation exercise in Section 6. Finally, Section 7 explores the results of the cross sectional simulation and Section 8 concludes.
Long Run Risks in the Cross Section
One of the reasons driving the popularity of long run risk models in consumption asset pricing is that they depart from some of the standard modeling assumptions such as separable utility and i.i.d. aggregate consumption growth in order to explain the equity premium and related puzzles. It relies on Epstein-Zin-Weil 2 recursive preferences and a small, yet persistent and predictable component in the consumption growth process. This component gives rise to the notion of long run risks. More specifically, the conditional mean of consumption growth, µ c +x t−1 , is modeled such that x t follows,
where ρ x ∈ (−1, 1) controls the persistence of long run risks, ϕ > 0 is a scaling parameter that sets the volatility of t , which is a normally distributed and i.i.d. through time shock. This shock is crucial in explaining the behavior of momentum portfolios and individual securities.
Let the growth rate of log 3 aggregate consumption g c,t evolve as,
where µ c is a constant. The normally distributed and i.i.d. shock η t is assumed independent of t . This has the interpretation that η t represents purely transitory shocks whereas t will have a long lasting effect if ρ x > 0. The ultimate object of interest in this study will of course be the equity markets. The notion that they should be related to aggregate consumption decisions of economic agents is an appealing one, as equity markets provide compensation to owners of capital which can then be used to finance consumption. Let g i,t denote the infinitely lived security i's real (inflation adjusted) dividend growth rate at time t such that, and Zin (1989) and Weil (1989) . 3 Lowercase letters are used to represent log quantities throughout. where λ i is the "leverage" parameter of security i (related to its consumption beta as defined later on) and is typically greater than one in absolute value. µ i is constant and measures a stock's average tendency to grow dividends over time. The scaling parameters ϕ i and ϕ i,m (nonnegative and typically greater than unity) calibrate the volatility of dividend growth relative to aggregate volatility σ. The shock u i,t is i.i.d. over time, normally distributed and independent of any other shocks in the model. It captures purely transitory and idiosyncratic shocks to firm i's dividend growth process. v t denotes uncertainty that is idiosyncratic at the market level (uncorrelated with t , η t and u i,t but correlated across securities). In this simple setup, all time variation in the model results from the dynamics of x t−1 .
As has been mentioned, the long run risk model endows the representative agent with Epstein-Zin-Weil recursive utility. Under this specification, the (log) pricing kernel m t evolves according to,
where β ∈ (0, 1) is the time discount parameter, θ = 1−γ 1−ψ −1 , and γ ≥ 0 and ψ ≥ 0 are the risk aversion and intertemporal elasticity of substitution parameters respectively. r c,t denotes the return on the claim to aggregate wealth.
Given that optimal consumption and dividend growth dynamics have been exogenously assumed, the only remaining task is to solve for asset prices and returns that they imply. Under the assumption of stationary price-dividend ratios, continuously compounded returns can be approximated as a linear function of price ratios and dividend growth rates (see Campbell and Shiller (1988) and the Appendix for details). A note of caution is in order about assuming that price-dividend ratios are stationary for individual securities. While such an assumption is typically easier to justify for portfolios, individual securities may experience firm life cycle effects that permanently affect their valuation ratios. It may therefore be useful to think of security i as being a representative security of a firm in stage i of its life cycle that may take on identities of different physical firms over time as those firms move from one stage of life to the next.
As shown in the Appendix, the return of security i in excess of its prior period expectation is,
where κ i,1 and A i,1 are (security specific) model solution coefficients. Further, A i,1 = λ i −ψ − 1 1−κ i,1 ρx . The above simply states that innovations to returns are driven by three distinct sources of shocks arising from long term growth prospects, asset specific transitory effects and market wide phenomena. One can treat the above expression as a (conditional) linear factor model of returns where t is a factor while u i t and v t are disturbances orthogonal to the factor. It is also possible to derive a cross sectional restriction on risk premia such that,
where R f,t is the time t − 1 risk free rate expressed as an arithmetic rate of return, Λ LRR is the compensation for exposure to one unit of long run risk, σ 2 is the amount of risk in the economy and κ i,1 A i,1 ϕ is security i's consumption beta. Note that the consumption beta is proportional to the "leverage" parameter λ i . It is also worth noting that the risk premium over the riskless asset is constant over time unless second moments are time varying.
Finally, κ i,1 is typically very close to one and approximately equal across securities. Therefore, ignoring its cross sectional variation by letting κ i,1 = κ j,1 = κ 1 yields,
where a 1 is a constant and λ i is the "leverage" coefficient of security i as defined above. This restriction on expected returns can be tested using the familiar Fama-MacBeth methodology. Note that because risk premia are constant over time, the relationship also holds unconditionally.
Momentum Selection Mechanism
The present section explains how momentum is generated inside the long run risks framework. The primary mechanism will be one of differences in expected returns. A generic argument to this effect would claim that stocks in winner portfolios are inherently more risky than the loser stocks. As a result of such systematic risk exposures, these stocks have higher returns on average to compensate for higher risk and are in turn more likely to be selected as winners in the first place. Once selected, these securities should continue to outperform the losers because they still have higher expected (average) returns. However, it is the factor structure of returns (as shown in the previous section) that generates time varying consumption beta exposures at the momentum portfolio level. In fact, Grundy and Martin (2001) argue that "buying recent winners and shorting recent losers guarantees time-varying factor exposures in accordance with the performance of common risk factors during the ranking [formation] period."
Recall that returns can be written as,
where t is a (mean zero) factor. Whenever t > 0 during the formation period, securities with high consumption betas (κ i,1 A i,1 ϕ ) will tend to outperform stocks with low consumption betas on average since u i,t and v t have zero means and consumption betas display an increasing relationship with expected returns E[r i,t ]. Since consumption betas are linear in λ i , 4 stocks with higher values of λ i will outperform stocks with lower values of λ i on average. As a result, these high consumption beta stocks will be in the winner portfolio during the holding period. The loser portfolio will hold stocks with lower values of consumption betas. Therefore, a portfolio long past winners and short past losers will have a positive beta following positive t realizations, and the strategy will be profitable on average.
An analogous argument holds for negative factor realizations. However, small negative realizations of t may not be enough to cause high beta stocks to underperform low beta stocks. This is because E t−1 [r i,t ] > E t−1 [r j,t ] if stock i has a higher consumption beta than stock j. The shock must be negative enough to overcome the effect of the unconditional expected return term in which case the realized return on the high beta stocks is less than the return on the low beta stocks. Consequently, the long past winners and short past losers strategy will have a negative consumption beta and should earn less than the riskless rate.
In summary, following positive realizations of the factor t , the winner portfolio will have a higher consumption beta than the loser portfolio. It will earn a spread over the riskless rate. Following some but not all negative realizations of the factor, the loser portfolio will have a higher consumption beta than the winner portfolio. As a consequence, the momentum strategy will yield less than the riskless rate on average following a negative shock. Nevertheless, because realizations of t are symmetric since the shock is normally distributed and since not all negative shocks result in the loser portfolio containing high beta stocks, the momentum strategy will unconditionally have a positive consumption beta and earn a a spread over the riskless rate. The preceding argument demonstrates that the identification of a given security as a winner or loser during the formation period depends on both the unconditional average return and on the aggregate shock t at the time. However, subsequent performance during the holding period is determined purely by average returns (since the factor is assumed uncorrelated over time). To the extent that the latent factor t can be identified in the data, these predictions about portfolio level consumption betas and momentum profits can be tested empirically. In order to construct a nondurables and services series, a chain subtraction procedure as described in Whelan (2002) was performed to alleviate biases introduced by chain weighted data.
Sources and Construction of Data
Market data on individual securities was obtained from the CRSP monthly stock file. The sample includes all common stocks (CRSP share codes of 10 and 11) on the New York and American Stock Exchanges (CRSP exchange codes of 1 and 2 which exclude Nasdaq stocks). Aggregate equal weighted market returns were obtained from the CRSP monthly index file. All returns were converted to real quantities using the consumer price index at the monthly frequency provided by the Bureau of Labor Statistics via CRSP.
Given that the momentum effect as documented in Jegadeesh and Titman (1993) and elsewhere is concentrated mostly in holding periods of less than one year, momentum portfolios are formed based on past returns over a period of two to four quarters and subsequently held for one quarter to four quarters. In order to minimize microstructure effects such as short run reversals due to bid-ask bounce, one month was skipped between formation and holding periods. At the beginning of each formation period, securities are assigned to five equally weighted decile portfolios based on the past two to four quarters' cumulative returns excluding the month immediately preceding the beginning of the holding period. In other words, a two quarter formation strategy includes 5 months of returns and skips the most recent month of data. The portfolios were then held for one to four quarters. Non-overlapping holding periods were assumed. However, formation periods may overlap for certain configurations of holding and formation periods.
Portfolio cash flows or dividends are extracted using a "per share" investment strategy used to extract dividends by Bansal, Dittmar and Lundblad (2005) . First, a time series of equally weighted holding period returns of the component securities is obtained for each of the five momentum portfolios. This results in five monthly time series for total (with dividend) inflation adjusted returns RET D t,k and five series for the capital gains return RET X t,k where k represents each of the five momentum portfolios. Let V t,k represent the value of portfolio k at time t. At the beginning of the sample period, one dollar is invested into each of the five momentum portfolios such that V 0,k = 1 for all k. Each month, the portfolio yields a dividend D t,k such that,
The dividends are not reinvested. Therefore, portfolio values grow at the capital gains rate,
This procedure yields monthly dividend and value series for each momentum portfolio. At this point, monthly dividend series are converted to the holding period (3, 6 or 12 months) frequency by summing the level of dividends D t,k over 3, 6 or 12 months depending on the length of the holding period. Because holding periods are constructed to be non-overlapping, this produces a series of non-overlapping 3, 6 or 12 month dividends D τ,k where τ indicates calendar quarter ending days for 3 month holding periods, June 30th and December 31st for 6 month holding periods, and December 31st for 12 month holding periods. Following Bansal, Dittmar and Lundblad (2005) , the dividend series for holding periods of 3 and 6 months were further smoothed to remove any seasonalities by applying a moving average to the level of dividends over the prior year. Finally, holding period total returns R τ,k are constructed as,
where for 3 month holding periods, V τ −1,k precedes V τ,k by 3 months, etc. Holding period dividend growth rates g τ,k are defined as,
and valuation ratios vd τ,k as,
An analogous procedure was used to construct equal weighted aggregate market returns and dividends. It is interesting to note that the "per share" dividend series is driven by two distinct components. One, the dividend yield RET D t,k − RET X t,k . Two, the capital gains on the portfolio itself since dividends in the current period are paid on an investment with growing "principle" V t,k . In other words, this is a broader notion of cash flows (confounded by capital gains) than what one traditionally considers as dividends paid on a single stock. In the long run risks model, x t , the time varying component of the conditional mean of real, aggregate, per capita consumption growth, is a crucial state variable. It is assumed known by the representative agent. However, it is not readily observable by the econometrician who does not have access to all the information available to agents at the time they were making their consumption decisions such as relevant newspaper articles, economic forecasts, etc. However, since t , the innovation to x t is a priced factor as shown previously, constructing an estimate of x t is crucial. Letx t−1 be such an estimate. If consumption volatility is constant over time,x t−1 can be obtained using the Kalman filter. As an alternative, following Bansal, Dittmar and Lundblad (2005) , let,x
where T represents the length of the entire sample for which data is available. In other words, I use a trailing eight period average of past, demeaned consumption growth. Both the Kalman filter and moving average approaches deliver estimates that are very highly correlated. This is illustrated in Figure 1 . In subsequent analysis,x t−1 is taken to be the true value of the long run risks component as observed by the agents; in other words, I assume thatx t−1 = x t−1 and ignore any estimation errors. I approximate t , the innovation to x t withˆ t such that, t−1 =x t−1 −ρ xxt−2 since in the model, x t follows a first order autoregressive process with innovations t and autocorrelation coefficient ρ x .
Discussion of Empirical Results
In this section, I explore empirically some of the theoretical predictions of the model that have been developed in previous sections, and in particular, the time variation of consumption risk exposures and profits at the momentum portfolio level.
To start, Table I shows the average arithmetic returns, log dividend growth rates and log valuation ratios as well as their corresponding standard deviations and autocorrelations for momentum portfolios created using six month formation periods and three month holding periods. This is the benchmark strategy to which the model will be calibrated. The sample runs from 1948 to 2006. It can be seen that momentum is clearly profitable in the short run for this particular strategy with a return spread between M5 (winners) and M1 (losers) of 1.87%. Also, dividend growth at the portfolio level lines up with average returns. As discussed in Section 4, this is an implication of how the dividends are extracted combined with the fact that the winner portfolio experiences higher capital gains in the holding period than the loser porfolio. Therefore, even if the dividend yields of the underlying securities were constant over time inside the winner portfolio, the amount invested increases due to aforementioned capital gains and causes the level of dividends to increase as well. This implies high average dividend growth rates for the winner portfolio. An analogous argument applies to stocks in the loser portfolio. It is also interesting to note that standard deviations of returns, growth rates and valuation ratios have a U-shaped pattern; they are highest for the extreme winner and loser portfolios. Finally, returns have low autocorrelations which are negative for M1 through M3 and positive for M4 and M5. The autocorrelations of the dividend series are quite high. This is driven by the seasonal adjustment applied to quarterly dividends. As discussed in Section 4, quarterly dividends were adjusted using a four quarter moving average to remove seasonal effects. However, this procedure probably results in excess smoothing of the series. Table II shows the same statistics for momentum portfolios with either longer 12 month formation periods or longer (6 month and 12 month) holding periods. The patterns are roughly similar to the benchmark case. Note, however that momentum profits increase at a decreasing rate as the holding period is extended. They are 2.81% for the six month holding period and 3.28% for the annual holding period. This implies that the strength of the momentum effect decreases over time-a finding consistent with long run reversal. Finally, note that the mean profits for the 12 month / 3 month strategy were 2.64% as compared to 1.87% for the benchmark case. This finding is consistent with expected returns causing momentum profits. With a longer formation period, it is less likely that low expected return (low beta) stocks outperform high expected return (high beta) stocks. As a result, the winner portfolio will hold low beta stocks less often, and the strategy will be more profitable on average. Table III regresses portfolio cash flows on the prior period value ofx t 56 . Recall that I model security level dividends as,
Simulations of the model suggest that running the regression above on portfolio cash flows produces an estimate of the average (across securities and time) loading λ i of the securities in the portfolio. The regression equation for portfolio k is, g k,t = µ k + λ k x t−1 + noise t Note that even though portfolio level betas should vary over time, the winner portfolio will on average contain higher beta stocks than the loser portfolio. This is due to an asymmetry that arises when the selection mechanism interacts with expected returns as discussed previously. As a result, one would expect a monotonic increase in estimated coefficients as one moves across portfolios from losers to winners. As expected, estimated slopes show a monotonic increase from -7.27 for the loser portfolio to 6.42 for the winner portfolio. A similar pattern emerges for the estimated intercepts. Note, however, that the standard errors are fairly large across the board. Consumption data is limited to non-overlapping observations at the quarterly frequency. This limits the number of observations in the sample to 230. The adjusted R-squared coefficients are very low (0% to 2.5% variance explained) suggesting that idiosyncratic or non model risk (risk orthogonal to t ) plays a prominent role. Finally, the U-shaped pattern in standard deviations from Tables I and II manifests itself in regression residuals as well. Table IV extends Table III to include additional holding and formation periods. Similar patterns emerge. For the 12 month formation period, the winners have higher slope estimates (consumption betas) than for the benchmark case. Losers have lower slopes than for the benchmark case. Again, this is consistent with expected return differences playing a role. A longer formation period allows the selection mechanism to discriminate more precisely based on expected returns. If the model is true, one would also expect a higher proportion of variance to be explained given a longer formation period. This is true as well with the exception of M3 which exhibits the least variance of all the momentum portfolios and is likely to benefit less from a longer formation period. Table V presents Fama-Macbeth cross sectional regressions based on the unconditional slope estimates of portfolio level consumption betas in Tables III and IV. Given that the risk premium for consumption risk is constant in the model with no stochastic volatility, these regressions are well justified as the model implies both a conditional and an unconditional expected return relationship. The estimated risk premia are statistically significant with the exception of the 6 month / 12 month strategy. Time averages of the R-squared coefficients range from 50% to 60%. Based on the spreads in estimated slopes (consumption betas) in Tables III and IV , these risk premia imply momentum profits that range from 85% to 95% of actual profits in Tables I and II. The estimated intercepts for all four combinations of holding and formation periods are higher than commonly considered risk free rate proxies. Model rejections on this measure, however, have been a consistent feature of other consumption asset pricing models as well. All in all, however, the long run risks model seems to do quite well compared to the alternatives. For example, for the combined sample of size, value and momentum portfolios, Bansal, Dittmar and Lundblad (2005) report average adjusted R-squared coefficients on the order of 2.7% for the CCAPM, 6.5% for the CAPM, and 36% for FF3 (see Table 5 in their paper). For momentum portfolios alone, these models are likely to perform even worse. For example, the FF3 model predicts reversal and not momentum, because past losers tend to be value stocks.
In Table VI , I explore the prediction that momentum profits should be higher following positive realizations of the t factor during the formation period 7 . For the benchmark case in Panel A, non-negative realizations of the shock yield momentum profits (return on M5 less the return on M1) of 2.70%. This stays fairly constant for standardized factor realizations greater than 0.5 standard deviations and greater than 1.0 standard deviations. Following negative shocks, the momentum strategy only yields 0.97%. For negative shocks of at least 1.0 standard deviations, momentum profits fall to 0.54% per quarter. Note that the bins have decreasing number of observations as one moves away from the center of the table. Therefore, estimates away from the center would have higher standard errors. Finally, note that the spread between profits when the factor realization is at least 1.0 standard deviations vs. when it is at least negative 1.0 standard deviations is 1.73% for the benchmark case. This spread falls to 1.46% when the formation period is lengthened to 12 months in Panel B. Again, this is a finding consistent with an expected return explanation. Conditioning becomes less important with longer formation periods which make it easier to discriminate high and low expected return securities.
In Table VII , I test for time variation in portfolio level consumption betas for the benchmark strategy. The regression equation for portfolio k now becomes,
Guided by the model's intuition that winners (losers) should have high (low) λ k following positive factor realizations and low (high) λ k following negative realization, I choose a linear model for the risk exposure. Namely, let,
The expectation is that λ k,1 > 0 for the winner portfolio and λ k,1 < 0 for the loser portfolio. As can be seen in the table, the estimates of λ k,0 (labeled Average Beta) are close to the corresponding estimates in Table III . As predicted, the estimates of λ k,1 (labeled Conditional Impact) exhibit a monotonic relationship across portfolios and are negative for M1 and positive for M5. Overall, the adjusted R-squared coefficients are at the same level or higher than in Table III suggesting that conditioning information adds information. Despite the high standard errors, these findings seem to support the model's prediction of time varying consumption betas at the portfolio level. Table  VIII extends the analysis to other formation and holding period combinations. Again, results for the extended 12 month formation period in Panel A support an expected return explanation for momentum. The magnitude of the λ k,1 estimates is smaller than in Table VII ; this suggests that, as expected, conditioning information is less useful in this case. Table IX highlights time variation in consumption betas by splitting the sample based on the realization of the t factor during the formation period and performing independent regressions across the split samples. However, because there are very few observations across different subsamples, the results are not very revealing. Nevertheless, a pattern does emerge. Following positive factor realizations, estimated consumption betas on M1 through M3 are almost always negative. This is in line with the model's prediction that losers should have low betas following positive factor shocks. For subsamples following negative factor realizations, the magnitude of the negative consumption betas for M1 becomes smaller. Slopes on M2 and M3 become mostly positive. Again, this is predicted by the model. In Table X, I report residual standard  errors for the regressions in Table IX . The U-pattern of idiosyncratic risk (winners and losers having more idiosyncratic risk than M2, M3 and M4) is present across all panels.
Overall, the empirical analysis supports the predictions of the model despite some of the tests having low power (high standard errors) to distinguish between coefficients across portfolios. Nevertheless, coefficient estimates appear economically significant. Consumption betas are time varying and so are momentum profits. This time variation is conditional on factor realizations during the formation period and lessens as the length of the formation period is increased.
Simulation Design and Calibration
Having established that differences in consumption betas drive an economically significant portion of momentum profits in the data, I now calibrate a cross sectional long run risks model with individual securities. Modeling stocks directly provides additional intuition on transitions of securities across portfolios and how expected returns at the stock level translate into momentum profits. Transition probabilities can be compared to those in the data; the calibrated model performs quite well on this dimension. I also find that differences in stock expected returns do not translate one-to-one into momentum profits. Because the selection mechanism distributes both low and high expected return stocks into winner and loser portfolios conditional on the realizations of the t factor, the unconditional effect of differences in expected returns is somewhat muted in simulated momentum profits.
I assume a monthly decision interval for the representative agent in the simulated model. Preference parameters (risk aversion γ, I.E.S. ψ and the time discount factor δ) are shown in Panel A of Table XI. γ was set to 10 and ψ to 2.0 as in Bansal, Kiku and Yaron (2007) . The discount factor δ was set to 0.9988. ρ x was set to 0.9827 and then the remaining dynamics of consumption growth (µ c , ϕ and σ) were calibrated to match annual aggregate nondurables and services consumption data for the period 1929 to 2006. The resulting parameter values are shown in Panel B. At this point, the model can be solved for r c,t , the return of the aggregate consumption claim as well as the riskfree rate. Combined with simulations of t and η t , the evolution of the pricing kernel is determined. Panel B of Table XII shows simulated statistics for the riskless asset. It has an annual return of 1.8% and volatility of 0.23% which is roughly in line with studies that claim that the riskfree rate should be around 1% p.a. with very low volatility.
As in Section 2, I model the dividend processes for individual securities as,
In other words, a given security's place in the cross section is determined by the values of its µ i , λ i , ϕ i and ϕ m coefficients. As these are infinitely lived securities with time invariant risk exposures λ i , they should be thought of as representative securities for different stages of the life cycle. Their identification with actual firms may change over time as they move from one stage of the life cycle to the next. I populate the economy with five fundamental security types. All other securities belong to one of the fundamental types. They differ from other securities of the same type by the realizations of their u i,t shocks. In Panel A of Table XIII, I show the proportions of each fundamental type in the economy as well as the calibrated cross sectional coefficients. λ i 's and in turn the consumption betas increase monotonically with type from -0.8 to 11.2. Unconditional dividend growth rates follow the same pattern. The type corresponding to the negative value of λ i can be thought of as providing insurance against consumption risk. Because the securities are infinitely lived, I offset the value of insurance with a negative dividend growth rate in order to make the security's price ratio well defined. The diversifying properties of negative consumption beta combined with a high dividend growth rate would make the security's price ratio go to infinity; the intuition for this can be seen from a simple Gordon dividend growth model formula.
Further note that idiosyncratic and non-priced market risk is greatest for securities with extreme values of λ i . This captures the empirical finding of a U-shaped pattern in regression residuals in Tables III, IV , VII, VIII and X. A linearized version of the model implies that the price to dividend ratio z i,t of security i is linear in x t with intercept A i,0 and slope A i,1 . The values of these coefficients are shown in Panel B of Table XIII (κ i,0 and κ i,1 are constants arising out the linearization). The values of κ i,1 range from 0.997 to 1.000 supporting the assertion that κ i,1 is approximately constant across securities. In Panel C, I show expected returns for the five fundamental types of securities. These range from 2.27% per month to -0.06% per month with a cross sectional standard deviation of 0.91%. This is roughly in line with the differences in real returns on the Fama and French 25 book-to-market and size portfolios (the average spread for the period 1929 to 2006 is 1.43% with a standard deviation of 0.33%).
Given simulations of shocks u i,t and v t , dividend growth rates g i,t can be computed for each security. The valuation ratios z i,t are computed using the corresponding simulation of the x t process. This yields monthly simulated series of total (Ret i,t ) and capital gains (Retx i,t ) returns for each security, defined as,
Analogous to the construction of momentum portfolios in the data, total returns Ret i,t are used to rank securities during the formation period and assign them into momentum portfolios. Equally weighted momentum portfolio returns can then be calculated by averaging over security returns. Dividends are then extracted using the "per-share" methodology and aggregated to the holding period frequency as described in Section 4.
Simulation Results
One of the novel features of my model is that it works at the level of individual securities. While I calibrate the cross sectional parameters to match the relevant features of momentum portfolios at the quarterly holding period frequency, it is possible to check the implications on the market portfolio of all the individual securities in the economy. Because individual securities are the fundamental building blocks, matching both momentum and aggregate market moments provides an additional check (or restriction) on the calibration. Panel C of Table XII presents annualized model implied market dynamics and compares them to the data counterparts for the period 1931 to 2006. Overall, the model's fit is quite good. The main discrepancy is related to the fact the model only has one priced source of risk. As a result, matching the level of returns requires relatively high consumption betas. Because consumption risk is the sole source of time dependence in the model, increasing consumption betas also increases the autocorrelations of relevant outputs such as returns, growth rates and valuation ratios. Introducing an additional risk factor such as stochastic volatility would help alleviate this issue. Finally, volatilities tend to be slightly too low across the board. They could be increased by increasing the level of non-priced market risk. However, doing so would further increase the level of the valuation ratio, because of option like features of equity. In other words, increasing market risk is free in the sense that it does not require compensation in terms of returns. At the same time, market risk increases the value of future dividends which are guaranteed positive but have unlimited upside potential. Table XIV shows simulation results for the benchmark 6 month / 3 month strategy. Given the calibrated spreads in expected returns for the fundamental securities, the model can account for approximately 36% of observed momentum profits (67 basis points in the model vs. 187 basis points in the data).This is not a surprising finding. It's a statement that given reasonable spreads in expected returns of individual securities, differences in expected returns due to consumption risk cannot account for all of momentum. However, given the pervasiveness and the magnitude of momentum profits, it is unlikely that any one source of risk can account for the entire momentum effect. Nevertheless, my model matches all of the empirical regularities found in the data such as the U-shaped pattern in volatilities, negative autocorrelations of returns for the losers and positive autocorrelations for the winners, an increasing pattern in cash flow growth rates from M1 to M5, and the approximate levels of valuation ratios. At first, it seems that the model has trouble matching autocorrelation of dividend growth rates and valuation ratios. However, this is misleading, because the observed dividend data were transformed using a four quarter moving average to remove any effects of seasonality. Performing an analogous adjustment to model dividends yields standard deviations of cash flow growth rates and autocorrelations of P/D ratios much closer to those in the seasonally adjusted data. Since the model does not have any seasonal effects, this seems to suggest that the four quarter moving average adjustment potentially changes the underlying structure of the data in addition to removing any seasonal affects.
In Table XV, I show properties of average values of the four cross sectional parameters (µ i , λ i , ϕ i and ϕ m ) for each momentum portfolio. Of note is the fact that consumption betas increase monotonically from M1 to M5 just as was documented in the data in Table III . Unconditional average growth rates also show a similar pattern. This is not surprising, because my calibration forces a positive relationship between µ i and λ i for the underlying fundamental securities. Finally, an examination of the minimum and maximum values in each portfolio reveals that the M1 and M5 portfolios experience a lot more turnover in their component stocks. This is confirmed in Panel A of Table XVI . It seems that for the extreme loser and winner portfolios, the underlying types flip back and forth between the first (low beta and low expected return) and fifth (high beta and high expected return) fundamental types. Combined with idiosyncratic noise introduced by u i,t and v t shocks, this effect is of course not such a knife-edge scenario. This is shown in Panel B which shows the probability of at least an N portfolio change in portfolio assignment for a given security at any given point in time. For example, in the model, 64% of securities change their portfolio assignments by at least one (say from M1 to M2) in a given time period; in the data, the number is about 67%. The model implied probabilities are quite close to the data for the other cases as well (minimum jumps of at least 2, 3 or 4 portfolios). About 3.3% of securities jump from M1 to M5 or M5 to M1 in any given period as compared to 5.3% in the data. This suggests that model dynamics are quite reasonable in this regard.
Finally, Table XVII demonstrates the profitability of momentum strategies conditional on the realization of the t factor during the formation period. Here, the effect is much stronger than in the data (see Table VI ). This is not surprising, however, because the simulation allows t to be perfectly measured whereas it is very difficult to estimate reliably in the data. Overall, the simulation presents compelling evidence that observed data on momentum portfolios exhibits patterns that arise quite naturally from cross sectional differences in expected returns of the underlying component stocks.
Conclusion
I have developed a parsimonious model of cross sectional dynamics based on the long run risks framework. I show theoretically for the model and empirically in the data that momentum portfolios have distinct and time varying exposures to long run consumption growth risk (consumption betas) which arise from the interaction of the momentum selection mechanism and the underlying asset pricing model. In simulations of the model, these differences in betas account for an economically significant proportion of cross sectional differences in momentum portfolio cash flow growth rates and average returns. Further, long run risk is a priced factor in asset market data as evidenced by Fama-Macbeth regressions which show that it accounts for 50% to 60% of variation in momentum portfolio returns. Finally, the model produces an equity premium in line with the data while at the same time preserving observed transition dynamics of securities across momentum portfolios. 
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